Background: Epithelial ovarian cancer is one of the most severe public health threats in women. Since it is still challenging to screen in early stages, identification of core genes that play an essential role in epithelial ovarian cancer initiation and progression is of vital importance. Results: Seven gene expression datasets (GSE6008, GSE18520, GSE26712, GSE27651, GSE29450, GSE36668, and GSE52037) containing 396 ovarian cancer samples and 54 healthy control samples were analyzed to identify the significant differentially expressed genes (DEGs). We identified 563 DEGs, including 245 upregulated and 318 downregulated genes. Enrichment analysis based on the gene ontology (GO) functions and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways showed that the upregulated genes were significantly enriched in cell division, cell cycle, tight junction, and oocyte meiosis, while the downregulated genes were associated with response to endogenous stimuli, complement and coagulation cascades, the cGMP-PKG signaling pathway, and serotonergic synapse. Two significant modules were identified from a protein-protein interaction network by using the Molecular Complex Detection (MCODE) software. Moreover, 12 hub genes with degree centrality more than 29 were selected from the protein-protein interaction network, and module analysis illustrated that these 12 hub genes belong to module 1. Furthermore, Kaplan-Meier analysis for overall survival indicated that 9 of these hub genes was correlated with poor prognosis of epithelial ovarian cancer patients. Conclusion: The present study systematically validates the results of previous studies and fills the gap regarding a large-scale meta-analysis in the field of epithelial ovarian cancer. Furthermore, hub genes that could be used as a novel biomarkers to facilitate early diagnosis and therapeutic approaches are evaluated, providing compelling evidence for future genomic-based individualized treatment of epithelial ovarian cancer.
Introduction
Ovarian cancer is the most lethal gynecological cancer in the world and a general term which contains some cancers derived from various tissues [1] . Epithelial ovarian cancer is the most common and representative histological types in primary ovarian cancer and is the primary cause of deaths in female cancer patients in North America and over 100,000 deaths every year worldwide [2] .
High-grade serous carcinoma (HGSC) is the most lethal subtype in the epithelial ovarian cancer, and most of them are diagnosed in an advanced stage [3] . The standard treatment for ovarian cancer is maximal cytoreductive surgery and platinum-based chemotherapy [4] . Although ovarian cancer actively responds to the initial anticancer therapy, nearly 75% of patients may relapse within two years and cannot be treated with the available chemotherapy drugs [5, 6] . Meanwhile, metastasis within the peritoneal cavity and resistance to chemotherapy are the leading causes of the high mortality rate associated with ovarian cancer, because this cancer is often diagnosed in late clinical stages as what has been mentioned above [5] . Thus, identifying new targets for treatment and seeking effective chemotherapy drugs are crucial for overcoming drug resistance in advanced ovarian cancer [7] .
Thus far, many genetic factors, such as BRCA1, BRCA2, P53 (TP53), KRAS, PIK3CA, CTNNB1, and PTEN, have been correlated with ovarian cancer [8] . In recent years, many studies have shown promise for gene-targeted therapies in ovarian cancer [9] [10] [11] . The poly-ADP-ribose polymerase (PARP) inhibitor olaparib, a targeted therapeutic drug approved by the Food and Drug Administration, is used to treat ovarian cancer patients with BRCA1 and BRCA2 mutations. Olaparib has also been used as maintenance therapy for patients with platinum-sensitive recurrent BRCA-mutated ovarian cancer [12] . Therefore, gene-targeted therapies provide a new possibility for the personalized treatment of ovarian cancer patients.
However, the lack of large-scale studies for the identification of differentially expressed genes (DEGs) in ovarian cancer limits the reliability of previous results and makes it difficult to screen potential targets. DNA microarray analysis is a systematic and global approach to analyze genomic expression profiles and physiological mechanisms in diseases [13, 14] . High-throughput microarray experiments have been used to analyze gene expression patterns and identify potential target genes in ovarian cancer [15] .
To fill the gap regarding the identification of DEGs in ovarian cancer, we performed this meta-analysis to identify DEGs between ovarian cancer and healthy control tissues and aimed to provide a powerful tool to investigate microarray datasets by integrating data from multiple studies. An important advantage of this large-scale analysis lies in the reduction of discrepancies among different study conditions; additionally, this analysis combines the results from previous studies to assess an existing problem from a novel perspective [16] . it is worth noting that although ovarian cancer is known as a series of different molecular and histological diseases [17] , we aim to uncover those common genes across different molecular subtypes of epithelial ovarian cancer. Genes discovered in meta-analyses generally overlap with genes identified in various studies, indicating increased reliability [18] . The present meta-analysis aimed to identify DEGs between ovarian tissues and control tissues. In addition, we attempted to identify potential core genes associated with epithelial ovarian cancer and to investigate some possible related mechanisms.
Materials and methods

Selection of microarray datasets for the meta-analysis
According to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines published in 2009, we performed a comprehensive search of Gene Expression Omnibus (GEO) databases from the National Center for Biotechnology Information (NCBI, http://www.ncbi.nlm.nih.gov/geo/). The keywords "ovarian neoplasms" and "ovarian cancer" were used in our search. The datasets were required to meet the following criteria: (1) the samples had to be from the Affymetrix Human Genome U133A Array platform or Affymetrix Human Genome U133 Plus 2.0 Array platform; (2) the study organisms had to be Homo sapiens; (3) the datasets had to contain ovarian cancer and normal ovarian tissue samples; and (4) the number of normal ovarian tissue samples had to be greater than three. Studies were excluded if (1) they were cell line studies; (2) they involved dual-channel arrays; (3) they did not have literature traceability; (4) they were DNA methylation studies; (5) they were miRNA-based studies; and (6) they lacked cases and controls. The data from the original studies were selected by two independent analysts. Any disagreement between the two analysts was solved by consultation with a third analyst.
Meta-analysis of multiple microarray datasets
From the GEO database, we downloaded Ovarian files (.CEL) of microarray datasets that met the inclusion criteria. A total of 13,294 common genes were obtained by integrating the genes from seven datasets using the R statistical software (http://www.r-project.org/). Then, we performed a meta-analysis of gene expression profiles of the 13,294 common genes according to combined p-values and Z scores using R statistical software. Combined p-values (pval_test) included the test-statistic and p-value. The meta-analysis of common genes was conducted by the MAMA, mataMA, affyPLM, CLL and RankProd packages. In performing two meta-analysis with R statistical software, combined p-values method (where the threshold was an absolute value more than 5) and Z-scored meta-analysis (where the threshold was an absolute value more than 7) were used as the cutoff criteria, and a list of DEGs (up-or downregulated) was identified.
GO annotations and KEGG pathway enrichment analysis
Identifying the biological characteristics of DEGs is vital. Based on the results of the meta-analysis, the most significant DEGs were evaluated by enrichment analyses. Then, gene ontology (GO) annotations and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were conducted to identify the most significant DEGs using the WEB-based GEne SeT AnaLysis Toolkit (http://www.webgestalt.org/option.php) with a significance threshold of false-discovery rate (FDR) less than 0.1.
PPI network construction
The Search Tool for the Retrieval of Interacting Genes (STRING) database (http://string-db.org) displays information on protein-protein interactions (PPIs) [19] . We charted a PPI network of DEGs using STRING with confidence score more than 0.7 as the significance cutoff criterion to acquire an in-depth understanding and predict the cellular functions and biological behaviors of the identified DEGs. Further, PPI networks were visualized utilizing the Cytoscape software [19] .
Selection of hub genes and modules
CentiScaPe 2.1 was used to calculate the degree, closeness, and betweenness of the PPI network. The degree of a node is the average number of edges (interactions) incident on the node [20] . According to the degree of a node, we identified the hub genes. The Molecular Complex Detection (MCODE) software was employed to select the most important clustering modules of PPI networks in Cytoscape with degree cutoff = 2, node score cutoff = 0.2, k-core = 2, and max. Depth = 100. Furthermore, KEGG pathway enrichment analysis was conducted for DEGs in every module using the WEB-based GEne SeT AnaLysis Toolkit with a significance threshold of FDR less than 0.1.
Survival analysis using hub genes
The Kaplan-Meier plotter (KM plotter, http://kmplot.com/ analysis/) was used to display the relevance of the identified genes regarding patient survival using 1816 ovarian cancer samples. Gene expression data and relapse-free and overall survival (OS) information were downloaded from the GEO (Affymetrix microarrays only), the European Genome-phenome Archive (EGA) and the Cancer Genome Atlas (TCGA) databases. Hazard ratios (HRs) with 95% confidence intervals and log-rank p-value were calculated and displayed on the plot.
Results
Identification of upregulated or downregulated DEGs through the meta-analysis
According to the inclusion criteria, the following seven GEO datasets from the NCBI were obtained: GSE6008, GSE18520, GSE26712, GSE27651, GSE29450, GSE36668, and GSE52037 (see "Materials and Methods", Fig. 1 ). A total of 396 ovarian cancer samples and 54 normal ovarian tissue samples were analyzed. The GEO Platform Files (GPLs) from the seven datasets were obtained using Affymetrix gene chips (Table 1) .
We identified common genes across all datasets and performed a meta-analysis of multiple gene expression profiles using two platforms according to combined p-values and Z scores. According to the combined p-values (the threshold was 5) and Z scores (the limit was 7), 563 DEGs including 245 upregulated and 318 downregulated genes were identified (Additional file 1: Table S1 and Additional file 2: Table S2 ). The overlapping DEGs based on the combined p-values and Z scores are shown in Fig. 2 .
GO term and KEGG pathway enrichment analyses
To further investigate the functions of the DEGs, we separately classified the upregulated and downregulated genes into functional GO and KEGG categories and then performed pathway enrichment analyses with a significance threshold less than 0.05. The top five terms enriched in each category were selected according to the p-value.
For biological processes, GO analysis results showed that the upregulated DEGs were separately enriched in 'cell division' (GO:0051301), 'cell-cell junction' (GO:0005911) and 'enzyme binding' (GO:0019899), whereas and the downregulated DEGs were enriched in 'response to endogenous stimulus' (GO:0009719), 'extracellular space' (GO:0005615) and 'RNA polymerase II transcription factor activity, and 'sequence-specific DNA binding' (GO:0000981, Table 2 ).
The most enriched KEGG pathway term for the upregulated DEGs was 'cell cycle' (KEGG:04110) and for the downregulated DEGs was 'complement and coagulation cascades' (KEGG:04610, Table 3 ).
Hub gene and module screening from the PPI network
First, we determined the PPI network of the DEGs. The PPI network consisted of 275 nodes and 770 edges with a confidence score of more than 0.7 based on the STRING database. The top 12 hubs with degree centrality more than 29 were screened from the PPI network as hub genes. These hub genes included Cyclin-dependent kinase 1 (CDK1), DNA topoisomerase 2-alpha (TOP2A), cell-division cycle protein 2 (CDC20), G2/mitotic-specific cyclin-B2 (CCNB2), baculoviral inhibitor of apoptosis repeat-containing 5 (BIRC5), ubiquitin-conjugating enzyme E2 C2 (UBE2C), budding uninhibited by benzimidazoles 1 Moreover, the top 2 significant modules were obtained from the PPI network of DEGs using the MCODE software (Fig. 3) . Then, KEGG pathway enrichment analyses of the genes in these two modules were performed using the WEB-based GEne SeT AnaLysis Toolkit (Additional file 3: Table S3 ). The results demonstrated that the genes in module 1 were mainly associated with cell cycle, oocyte meiosis and the p53 signaling pathway, while the genes in module 2 were primarily in tight junction proteins, leukocyte transendo thelial migration, hepatitis C, and cell adhesion molecules (CAMs). The top 12 hub genes belonged to module 1 and confirmed the critical pathways associated with ovarian cancer. In conclusion, these essential genes provide new ideas for the treatment of ovarian cancer. (Fig. 4 and Additional file 4: Figure S1 ).
KM plots for hub genes
Discussion
The problematic diagnosis in an early stage and recurrence and resistance to current chemotherapeutic agents are the leading causes of high mortality in ovarian cancer based on data from The Surveillance, Epidemiology, and End Results (SEER) Program of the National Cancer Institute [21] . Therefore, the development of novel therapies for ovarian cancer is of great urgency. Previous research has proven that ovarian cancer is caused by the activation of oncogenes and the inactivation of cancer suppressor gene [22] . With continued advancements in high-throughput technologies, Fig. 2 The 563 overlapping DEGs based on |pval_test| < 5 and |Z| > 7 were detected using Venny 2.1.0 some genetic alterations associated with ovarian cancer, such as specific mutations in KRAS, loss-of-function mutations in PTEN, mutations in TP53, modifications in BRCA1/2, and changes in homologous recombination genes, have been uncovered [23] . Although a significant amount of data were produced by microarray studies, the sample sizes of most studies are small and may affect the identification of DEGs. However, meta-analysis of multiple microarray datasets makes the identification of DEGs more reliable by increasing the sample size.
In the present study, we performed a meta-analysis to determine the DEGs between ovarian cancer and normal ovarian tissues. We identified 563 DEGs, including 245 upregulated and 318 downregulated DEGs, in ovarian tissues by combining p-values (cutoff value of 5) and Z scores (cutoff value of 7). We classified the DEGs into functional categories based on their GO functions and KEGG pathways. Furthermore, we screened the following top 12 hub nodes with degree centrality more than 29 from the PPI network as hub genes: CDK1, TOP2A, If there are more than five pathways in this category, the top five are selected according to the P value O number of genes in this category in the user gene list, E expected number of genes in this category, R concentration ratio CDC20, CCNB2, BIRC5, UBE2C, BUB1, NCAPG, RRM2, KIF2C, CENPA, and MELK. Additionally, we obtained two top significant modules from PPI networks of DEGs using MCODE analysis. Genes in module 1 were mainly associated with cell cycle, oocyte meiosis and the p53 signaling pathway, while genes in module 2 were primarily enriched in tight junction proteins, leukocyte transendothelial migration, hepatitis C, and CAMs. Among the top 12 hub genes, nine hub genes were associated with poor OS in epithelial ovarian cancer patients. Based on GO functional analysis, KEGG pathway analysis, and survival analysis, we found that CDK1, TOP2A, and UBE2C might be the core genes contributing to the development of epithelial ovarian cancer at the molecular level.
CDK1 plays a vital role in the regulation of the cell cycle by modulating the centrosome. CDK1 not only promotes G2-M transition but also regulates G1 progression and G1-S transition by binding with multiple interphase cyclins [24, 25] In ovarian cancer, the expression of CDK1 is significantly associated with survival status, histological grade, FIGO stage, lymph node metastasis, and metastasis in epithelial ovarian cancer patients [26] .
TOP2A is a nuclear enzyme involved involved in cell division and the cell cycle. TOP2A controls topological states of DNA by transiently breaking and subsequently rejoining of DNA strands [27] . Additionally, TOP2A is a direct molecular target of topoisomerase inhibitor, and its upregulation has been reported in several cancers including lung, nasopharyngeal, esophageal, gallbladder, hepatocellular, colorectal, breast, endometrial, pancreatic and ovarian cancer [28] [29] [30] [31] .
UBE2C, an essential factor of the anaphase-promoting complex/cyclosome (APC/C), is required for the destruction of mitotic cyclins and cell cycle progression [32] . The N-terminal extension of UBE2C contributes to the regulation of APC/C activity for substrate selection and checkpoint control [33] . UBE2C, the exclusive partner of APC/C, participates in the degradation of the APC/C target protein family by initiating the formation of a Lys11-linked ubiquitin chain. Thus, UBE2C plays a vital role in the destruction of mitotic cyclins and other mitosis-related substrates. During early mitosis, the APC is activated through cyclin B/Cdk1-dependent phosphorylation and binding of its activator CDC20. During metaphase, UBE2C degrades securin and cyclin B by APC/C CDC20 to promote progression to anaphase [34] . UBE2C is significantly upregulated in several types of cancer including bladder, breast, brain, cervical, esophageal, colorectal, liver, lung, nasopharyngeal, prostate (late-stage), pancreatic, thyroid, stomach, and ovarian cancer [33] . UBE2C is associated with tumor progression. I. van Ree et al. identified UBE2C as a prominent proto-oncogene that contributes to whole chromosome instability and tumor formation over a wide range of overexpression levels [35] .
In our study, in addition to UBE2C upregulation, CDC20, CDK1, and CCNB2 are overexpressed. Combined with the above results, it is logic to assume that the interaction among UBE2C, CDC20, CDK1, and CCNB2 may play a vital role in the formation and development of ovarian cancer. Overexpression of UBE2C was associated with poor OS for ovarian If there are more than five pathways in this category, the top five are selected according to the P value O number of genes in this category in the user gene list, E expected number of genes in this category, R concentration ratio cancer patients, and thus UBE2C might be a promising prognostic molecular biomarker and therapeutic target for ovarian cancer. It is worth to emphasize that though a series of distinct molecular and histologic subtypes of ovarian cancer exists and each subtype has different tumor microenvironment. The present research mainly focuses on those common pathways of epithelial ovarian cancer. Yet we have analyzed the corresponding gene expression data acquired from GSE9891 and the results shows that 11 out of 12 hub genes (expression data of CDK1 cannot be found in the datasets GSE9891) are significantly up-regulated (Additional file 5: Figure Table S4 ) in all of the molecular subtypes (differential, immunoreacted, proliferation and mesenchymal) comparing to control group. Subsequent researches will be conducted to investigate the role each hub gene played in each subtype of ovarian cancer, Besides, we consider the protein expression of these hub genes might be instructive to the further study. The protein expression data of hub genes is acquired from the Human Protein Atlas for evaluation. The protein expressions of 5 hub genes (CDK1, TOP2A, CDC20, NCAPG, and MELK) are significantly up-regulated in ovarian cancer compared to normal tissues (Additional file 17: Table S5 .). Also, we have done a chi-square analysis to explore the relationship between the expression of 12 hub genes and the metastasis of ovarian cancer. The results show none of these genes has connections to the cancer metastasis (P > 0.05). Overall, the present study was designed to identify DEGs through integrated bioinformatics analysis to find potential biomarkers and predict the development and prognosis of ovarian cancer. However, to obtain more accurate correlation results, we need to performed a series of validation experiments. In conclusion, this study provides robust evidence for future genomic-based individualized treatment of ovarian cancer.
Conclusion
Until now, a large-scale meta-analysis identifying DEGs was absent from the ovarian cancer literature. Our study 
